Motivation: Biological cells continually need to adapt the activity levels of metabolic functions to changes in their living environment. Although genome-wide transcriptional data have been gathered in a large variety of environmental conditions, the connections between the expression response to external changes and the induction or repression of specific metabolic functions have not been investigated at the genome scale. Results: We present here a correlation-based analysis for identifying the expression response of genes involved in metabolism to specific external signals, and apply it to analyze the transcriptional response of Saccharomyces cerevisiae to different stress conditions. We show that this approach leads to new insights about the specificity of the genomic response to given environmental changes, and allows us to identify genes that are particularly sensitive to a unique condition. We then integrate these signal-induced expression data with structural data of the yeast metabolic network and analyze the topological properties of the induced or repressed subnetworks. They reveal significant discrepancies from random networks, and in particular exhibit a high connectivity, allowing them to be mapped back to complete metabolic
INTRODUCTION
Complex interactions between multiple molecular compounds and mechanisms are responsible for cellular functions. Huge amounts of experimental data have allowed a growth in knowledge about biochemical processes and interactions, but the integration of all these data in order to reach a global understanding of the behavior of a biological cell is just starting. Metabolic processes are a key element of cellular behavior, and the analysis of metabolic networks has therefore gained much attention in recent years. Many efforts have concentrated on the structural analysis of metabolic networks (Jeong et al., 2000; Wagner and Fell, 2001; Almaas et al., 2004) and new methods such as elementary mode and extreme pathway analyses have been developed (Schuster et al., 2000; Schilling et al., 2000) . Genome-scale models of metabolism have been reconstructed for a growing number of organisms (Edwards et al., 2000; Förster et al., 2003; Ma and Zeng, 2003) . However, the metabolic network of a biological organism is a highly dynamically regulated system, and structural analysis alone is not sufficient. In order to understand the dynamical activity of metabolic processes and the mechanisms regulating this activity, structural analysis of metabolic networks needs to be combined with other sources of information, such as gene expression data.
Genome-scale expression analyses are now routinely performed for a wide range of experimental conditions, and many tools are available for the analysis of expression data and the identification of statistically significant increases or decreases in gene expression. Changes in expression levels have sometimes been mapped to precise metabolic pathways (DeRisi et al., 1997; Ideker et al., 2001; Krömer et al., 2004; Zaslaver et al., 2004) , but the relations between the differential expression of some genes and the activation or repression of metabolic routes have not been investigated at the cellular level. Approaches have been presented for the identification of sets of genes contributing to the same metabolic pathway and whose expression levels are coordinated to a particular phenotype (Barriot et al., 2004; Lee et al., 2005; Tian et al., 2005) . However, these approaches do not allow the mapping of these gene sets to particular metabolic processes or the identification of connected metabolic routes. In parallel, several tools have been developed for visualizing expression data on metabolic pathways (Dahlquist et al., 2002; Borisjuk et al., 2004; Mlecnik et al., 2005) , highlighting the interest in combining these two sources of data for understanding the organization and dynamical evolution of cellular processes.
The yeast Saccharomyces cerevisiae is well suited to such integrative analyses, firstly because it is one of the most thoroughly studied organisms, with the structure of its metabolic network as well as the functions of many genes being well known, and secondly because it has evolved to be able to survive rapid and drastic changes in its environment. Unicellular organisms must be able to rapidly adjust their internal systems to fluctuations in external conditions, and one aspect of this adaptation is the reorganization of genomic expression to each new environment (Gasch and Werner-Washburne, 2002) . Recently, it has been shown that in E. coli distinct transcriptional subnetworks are responsible for environmental perturbation processing (Balázsi et al., 2005) , and some approaches have been developed for studying the transcriptional regulatory architecture of metabolic networks (Guelzim et al., 2002; Patil et al., 2005) . However, the coupling between multiple environmental changes and the induction (repression) of specific metabolic routes has not been investigated. In this paper, we first present a correlation-based analysis of gene expression patterns corresponding to various environmental conditions. We show that this approach leads to new insights about the specificity of the genomic response to given environmental conditions, and allows us to identify genes that are particularly sensitive to a unique condition. We then present an integration of such signal-induced expression data with structural data of the yeast metabolic network. We show that the sets of genes that are significantly induced (respectively repressed) in a given condition build connected subnetworks. Characterization of the topological properties of these subnetworks reveals significant discrepancies from random networks, in particular a higher connectivity, allowing them to be mapped back to complete metabolic routes.
RESULTS

Genomic response is coupled to specific environments
The first part of this study consisted of looking for genes whose expression response is strongly coupled to specific environmental conditions. Such an analysis requires the availability of expression data in many different conditions, as well as a rich amount of data for each condition. We used microarray data obtained from experimental work by Gasch et al. (2000) for 6152 genes of S. cerevisiae in 13 different environmental shocks. For each condition, we defined a binary signal representing an idealized expression pattern that is fully correlated to the given condition (see Methods). Then, expression patterns of all genes were compared to this idealized pattern to identify genes with the strongest positive and negative correlations. This process led to the computation of individual z i (s) scores, quantifying the strength of coupling of the expression of each gene i to each condition s.
These genes were mapped to metabolic pathways using the KEGG database (Kanehisa et al., 2006) . 819 out of the 6152 genes present in the microarray data were found to be involved in yeast metabolism. As each pathway map in KEGG corresponds to a particular biological functionality, we analyzed the distribution of z i (s) scores in the 85 yeast-specific metabolic maps from KEGG for each of the 13 environmental conditions. The distribution of z i (s) scores was found to be significantly specific to each condition (Figure 1 ). Temperature shocks, diamide treatment and amino acid starvation produced larger numbers of induced genes in many parts of metabolism, while nitrogen depletion or stationary phase produced more repressed genes (Table 1) . In other cases, the dominant response varied depending on the area of metabolism: for example, stationary phase experiments showed a dominance of induction among genes involved in carbohydrate metabolism and a dominance of repression among genes involved in amino acid metabolism. In addition, particularly significant responses could be identified in certain pathways for some conditions. Amino acid starvation induced a large number of genes in amino acid metabolism; large numbers of induced genes could also be observed in carbohydrate metabolism for heat shock and diamide treatment, and in glycan and energy metabolism for diauxic shift experiments. Large numbers of repressed genes could be identified in carbohydrate metabolism for alternative carbon source experiments, in lipid and amino acid metabolism for nitrogen depletion experiments, and in energy metabolism for hyper-osmotic shocks. 
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We focused on those genes with the maximum (respectively minimum) z i (s) scores in each condition. Not only do these genes exhibit a strong induction (repression) in a given condition, but this maximum (minimum) is furthermore unique to that condition ( Figure 2 ). The functions of these genes are therefore expected to be closely linked to these particular conditions. For example, several GAL structural genes were identified among the most strongly correlated to alternative carbon source experiments, and it is known that these genes enable cells to utilize galactose as a carbon source (Lohr et al., 1995) . For genes whose molecular role is unknown, functional information can thus be inferred by this approach. Interestingly, almost half on the genes identified by this analysis have no assigned molecular function in the Saccharomyces Genome Database (http://www.yeastgenome.org/).
In addition, we analyzed the relations between the expression responses to different external conditions. To quantify these relations, we computed the mutual correlation I(s 1 , s 2 ) of all pairs of conditions, defined as the Pearson coefficient correlation between two distributions of z scores z i (s1) and z i (s2) . This analysis revealed that the expression responses to some conditions are significantly correlated (Figure 3a, b) : strongly related pairs include alternative carbon sources and hypo-osmotic shock, nitrogen depletion and stationary phase, diamide treatment and heat shock, and hydrogen peroxide treatment and menadione exposure. At a larger scale, conditions can be grouped into five main clusters (see Table 1 Figure 3c , d, e, respectively. It is worth noting that some of the responses are clearly uncoupled or anti-correlated with each other, in particular the first and third cluster described above. This correlation-based analysis thus reveals that cells can respond to different types of environmental shocks by significantly distinct patterns.
Signal-coupled gene sets build highly connected subnetworks
In order to understand to which extent correlations in expression patterns are linked to genes being involved in the same metabolic functions, expression data need to be integrated with topological modeling of metabolism. We reconstructed a network of genes involved in yeast metabolism from the KEGG database (see Methods). By considering only the genes with z i (s) > 1 (respectively z i (s) < À1), it is possible to construct subnetworks containing only the most significantly induced (repressed) genes in each particular condition (Figure 4) . These sets of significantly induced (repressed) genes were found to build remarkably well-connected subnetworks. In order to assess this point on an analytical basis, an extensive analysis on the topology of these induced (repressed) subnetworks was conducted. Several properties of the induced (repressed) subnetworks obtained under 13 different external conditions (i.e. a total number of 26 networks) were analyzed. The properties of the subnetworks were compared with those of the full metabolic network, as well as with random networks and artificially generated scale-free networks.
The normalized average path length in induced (repressed) subnetworks is in the same range as for random networks and other natural and artificial networks ( Figure 5a ). All signal induced (repressed) subnetworks show relative values inside the interval from 0.5 to 2, indicating that they have similar average shortestpath lengths as random networks. This behavior has been observed in many other networks, including the World Wide Web, protein interaction networks of yeast, collaboration networks of movie actors, etc (Dorogovtsev and Mendes, 2003; Barabási and Oltvai, 2004; van Noort et al., 2004) .
However, signal induced (repressed) subnetworks show a higher connectivity than would be expected in random networks. This property is highlighted by plotting the relative values of the average clustering coefficients normalized by the average degrees (Figure 5b ). The clustering value in the complete network is close to that of artificial scale-free networks constructed by the Barabási-Albert model (Barabási and Albert, 1999) . Signal induced (repressed) subnetworks also appear in the vicinity of the scalefree model, but most of them show higher clustering coefficients. They are therefore more densely connected than scale-free networks. The clustering values in these subnetworks are also significantly higher than for random networks of equivalent size. This high connectivity is crucial for tracing back the sets of induced (repressed) genes to connected metabolic routes.
Two examples of such metabolic pathways are shown in Figure. 6 The red graph shows highly activated reactions (z i (s) > 1) when yeast cells are grown in minimal medium lacking amino acids. Interestingly, several amino acid producing pathways are entirely activated (for example, leucine, valine and lysine appear as final products in the bottom part of the figure) . The green graph shows highly suppressed reactions (z i (s) < À1) when cells are grown in medium supplemented with glucose, galactose, raffinose, fructose, sucrose or ethanol as a carbon source. It is worth noting that glycolysis and the Krebs cycle are suppressed to a large extent.
The high connectivity of induced (repressed) subnetworks can be understood more widely as deriving from coexpression properties of genes controlling neighboring metabolic reactions. For Table 1 Identification of metabolic units induced by environmental signals e377 each metabolite, we computed the average correlation between expression patterns of all its adjacent genes over all available experimental data (Figure 7) . The distribution of correlation values with respect to node degree revealed a significant shift towards positive correlations. In order to verify whether this shift is statistically significant, we plotted the bounds of the interval computed from Fisher's transformation for a 99.7% confidence level centered on zero (see Methods). A large amount of compounds appear beyond this interval, including all of those with node degree higher than 10. This finding means that genes that are connected in the metabolic network tend to have correlated expression patterns at the genome scale: it is therefore expected that such local correlation leads induced (repressed) genes to be organized into connected subnetworks.
DISCUSSION
Two main findings have been derived from this analysis. Firstly, a correlation-based analysis of expression patterns in several different stress conditions allowed us to identify metabolic units whose activity is strongly coupled to a specific condition. Although the expression responses in a few groups of conditions showed positive correlations, most of these responses were found to be uncoupled with each other. Cells therefore seem to respond to different types of environmental shocks by more asymmetric patterns than described earlier (Gasch et al., 2000) . Furthermore, several genes whose expression pattern is characterized by a strong and unique induction (repression) in a particular condition have been identified by this approach. The functions of these genes are expected to be closely linked to these particular conditions. The fact that several of these genes have not been assigned a molecular function previously indicates that this correlation-based approach can lead to novel insights about the role of genetic units.
Second, the integration of this correlation-based analysis to structural metabolic network data revealed that the sets of genes that are induced (repressed) under specific stress conditions define highly-connected subnetworks. This high connectivity is crucial for mapping such gene sets to precise metabolic routes. It should be noted that the subnetworks obtained by this approach have no relation with previously described ''gene networks''. The networks analyzed in this study are not built by linking genes together based on a priori information about some interactions or similarities, but J.C.Nacher et al.
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they are solely based on neighborhood of the gene products in the metabolic network. The aim of this study was indeed not to study the topological properties of known gene networks, but to find out to what extent genes which act in connected parts of the metabolic network exhibit coexpressed patterns. Although coexpression of genes controlling connected metabolic reactions has been observed in small metabolic subunits (DeRisi et al., 1997; Ihmels et al., 2004) , it has never been observed at the genome scale to our knowledge. Our topological analysis revealed the compactness of gene networks which regulate chemical reactions in active pathways. Compactness emerges in many real networks when a small average shortest-path is combined with a relatively high clustering coefficient. In this situation, a network is said to have the small-world property (Watts et al., 1998) . In small-world networks, clustering coefficients are much higher than in the corresponding random networks. In contrast, the shortest-path lengths tend to be close to those of random graphs.
Here, the full gene network is characterized by a high clustering coefficient and by an average shortest-path length compatible with random graph networks. Furthermore, the subnetworks built by significantly induced (repressed) genes in particular external conditions show similar topological properties to the complete network. This effect was observed for all the external conditions we analyzed.
Recent analyses revealed that it is not possible to draw conclusions on the topological properties of subnetworks from the original properties of the full network (Stumpf et al., 2005; Han et al., 2005) . Therefore, the compactness of induced (repressed) subnetworks could not be inferred without conducting a topological analysis.
The approach presented in this work is simple and fast, and could be easily applied to higher organisms or plants where the number of genes is two or three times larger than in S. cerevisiae. An extension of this approach to higher organisms could be particularly useful for comparing the metabolic responses of normal and diseased cells, and elucidating those metabolic functions which are disturbed by specific pathologies or affected by specific drugs. Furthermore, metabolites that are connected to highly induced (repressed) genes are likely to be very affected themselves by the specific perturbation and therefore constitute interesting potential targets for drugs.
CONCLUSION
The finding that induced (repressed) genes are highly connected in metabolic pathways raises the question of what mechanisms regulate this collective response to environmental stress. These mechanisms may be investigated by embedding the transcriptional regulatory networks into the current framework. Although this integration is not straightforward, it would provide valuable insights into the functionalities of genes and transcriptional factors involved in responses to external signals. Additional future progress would be required in the development of automatic procedures for identifying sets of genes connected in metabolism, mapping these genes back to biochemical pathways, and visualizing the induced (repressed) metabolic backbones.
METHODS
Datasets
The structural data for the metabolic network of S. cerevisiae were obtained from the specialized section of the KEGG database. This network contains 12456 chemical compounds and 6534 chemical reactions. Genes encoding the enzymes catalyzing chemical reactions can be identified in KEGG as well. Data of the whole-genome gene expression of S. cerevisiae, composed of 6152 genes, were downloaded from the site http://wwwgenome.standford.edu/yeast_stress. They are based on the experimental work of Gasch et al. (2000) . From 173 experiments present in the original expression data, only 162 experiments making use of wild-type yeast were retained, and experiments using mutant strains were removed for the dataset. The yeast strain used in our study corresponds to DBY9434. DNA microarrays were used to analyze the changes in the amount of mRNA in yeast cells responding to 13 different environmental stresses. The yeast cells grew in rich medium at 30 C and were shaken at 250-300 rpm before the environmental shocks were applied. These 162 experiments were classified into 14 different sets, including one control set and 13 different shock sets: 37 C heat shock (HS), variable temperature shocks (VT), hydrogen peroxide treatment (H2), menadione exposure (M), diamide treatment (Dm), dithiothrietol exposure (DTT), hyper-osmotic shock (Hr), hypo-osmotic shock (Ho), amino acid starvation (AA), nitrogen depletion (N), diauxic shift (Dx), stationary phase (S), and alternative carbon sources (AC).
Correlation between expression data and specific conditions
Gene expression data for the different conditions were gathered in a matrix. Each row in the matrix corresponded to one gene of S. cerevisiae and each column corresponded to one environmental condition. Each environmental condition may be reproduced several times, the number of occurrences varying between 5 and 22. The total dimensions of the matrix were N g ¼ 6152 rows versus N c ¼ 162 columns. In order to be able to compare data from different experiments, we renormalized the gene expression data so that the mean value of gene expression values was set to 0 and the standard deviation to 1. These rescaled values were obtained by subtracting for each gene i the average expression value m i calculated for N c values and by dividing the resulting value by the standard deviation s i . The value of the expression level for each gene i in a specific entry t after normalization was denoted by g i (t), with t ¼ 1, 2, . . . , N c :
where G i (t) is the expression value of gene i in specific entry t before normalization.
For each specific stress condition s, an idealized expression pattern g s (t) with N c dimensions was then defined, whose components took the binary values 1 or 0. For each condition s and for each entry t, vector g s (t) contained values of one if the stress condition was present in t, zero if not. Next, the 
The value of z i (s) measures the degree of coupling between the expression pattern of gene i and a given condition s. If gene i is strongly induced (repressed), z i (s) has a high positive (negative) value. In particular, we considered in this study that genes with z i (s) above (below) the value of 1 were significantly induced (repressed) in the given condition. Genes with z i (s) values between À1 and 1 were considered to exhibit a weak coupling to the condition.
Related approaches have already been presented in different contexts, as for example medical classification (Golub et al., 1999) , the identification of ploidy-regulated genes (Galitski et al., 1999) , and the analysis of transcriptional regulatory networks (Balázsi et al., 2005) .
Computations were performed using the R software environment (www. r-project.org) and custom-designed software.
Construction of gene network from metabolic structural data
In this study, the metabolism of S. cerevisiae was analyzed using the KEGG database, in which nodes represent chemical compounds and edges represent biochemical reactions. It is possible to define two complementary representations of a metabolic network (Wagner and Fell, 2001; Nacher et al., 2005) . First, a chemical network consisting of nodes as chemical compounds can be created. In this representation, two nodes are connected by an edge if they are involved in the same chemical reaction. Second, it is also possible to construct a gene network, where nodes are the genes encoding for enzymes which catalyze the chemical reactions between compounds. In this network, two genes are connected by an edge if the reactions they control share at least one common chemical compound. If two or more genes control the same reaction, they are also connected by an edge. When the same gene is involved in several chemical reactions it is represented as a single node. One drawback of the latter representation is that a large number of connections are created by ubiquitous metabolites (such as ATP, ADP. . .) but do not correspond to real metabolic flows (Ma and Zeng, 2003; Arita, 2004; Croes et al., 2005) . In order to eliminate most of those connections, we cured our network by removing all connections created by the following list of ubiquitous metabolites: water, ATP, ADP, AMP, NADPH, NADP, NADH, NAD, CO 2 , NH 3 , O 2 , H + , orthophosphate, pyrophosphate, and CoA. The following list of compounds were removed too, because they are used as generic identifiers in KEGG and they can actually correspond to different chemical compounds in different reactions: protein, phosphoprotein, alcohol, and aldehyde.
For network visualization, the Pajek software was used (http://www. vlado.fmf.uni-lj.si/pub/networks/pajek).
Network analysis
A network consists of nodes connected by edges, and the number of connections to a node is called degree k. Characteristic properties of a network include the total number of nodes N, the average degree <k>, and the degree distribution P(k), which indicates the probability to find nodes with degree k. While in a random network the degree distribution has a peak close to the average value k (Erd} o os and Rényi, 1960) , in scale-free networks there is a statistical abundance of nodes with high degree which generates a degree distribution with a power-law tail (Barabási and Albert, 1999) . Interestingly, most of real networks are scale-free networks.
The compactness (or small-worldness) of real networks has recently captured the attention of the scientific community (Watts and Strogatz, 1998) . Two concepts are useful for studying compactness properties: the average path length and the clustering coefficient. First, if we consider that the edges of a network have the same length and use it as a unit of length, then the distance between two nodes is the length of the shortest path between them. The distribution of the distances l between all reachable pairs of nodes, denoted by P(l), indicates the probability that the length of the shortest path between two randomly chosen nodes is equal to l. In a random network, the average distance can be calculated by using the following expression: l rand $ ln N / ln <k>. In contrast, for a scale-free network, the expression reads: l SF $ ln N / ln(ln N) (Dorogovtsev and Mendes, 2003) .
Second, the clustering coefficient characterizes the density of edges in the neighborhood of a node. Given a node i with k neighbors, C i (k) denotes the probability that two nearest neighbors of node i are connected to each other, and takes values from 1 (fully connected network) to 0 (tree graph). Again, it is possible to derive the analytical expressions of the average clustering coefficient for random graphs and scale-free networks: C rand ¼ <k> / N for a random graph, and C SF $ N -0.75 for the Barabási-Albert scalefree model (Albert and Barabási, 2002) .
Fisher's transformation
Fisher's transformation is used for computing confidence intervals on Pearson's correlation between two variables. The formula for the transformation is:
where n is the number of observations and q is the quantile of the chosen confidence interval (q ¼ 3 for a 99.7% confidence). For a given value of r, the two values of r are the bounds of the confidence interval corresponding to a statistically significant correlation between the two variables. In our case r ¼ 0, as the aim was to verify whether observed correlations are significant. Observations whose correlation values are outside the confidence interval can therefore be considered as significantly correlated, with a 99.7% level of confidence.
